Introduction {#Sec1}
============

Clustering is a vital research topic in data science and machine learning. Multimodal clustering is an important field in clustering and has made great progress. Multimodal clustering aims to divide the multimodal data information into different clusters in an unsupervised manner. The existing works usually are based on spectral clustering \[[@CR14]\], subspace clustering \[[@CR1]\], deep clustering \[[@CR23]\] etc. On account of the amazing performance for feature extraction and dimensionality reduction tasks, deep clustering receives much attention in recent years \[[@CR12], [@CR17], [@CR20], [@CR23]\]. For deep multimodal clustering, the most common method extracts common features from different modalities \[[@CR19]\] by using multiple deep neural networks (DNN) and clusters on the common features.Fig. 1.The two stages of DMCR framework: The left part illustrates the first stage. Two autoencoders extract features from two modalities, VIB is used both in $\documentclass[12pt]{minimal}
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So far, the deep neural networks (DNN) based multimodal clustering methods can be divided into three categories: autoencoder based methods \[[@CR16]\], Deep Bolzmann Machine (DBM) based methods \[[@CR19]\] and deep canonical correlation analysis (DCCA) \[[@CR3]\] based methods \[[@CR21]\]. The autoencoder based methods use autoencoders to extract common features of different modalities and choose common features that can best reconstruct the input data \[[@CR16], [@CR21]\]. However, autoencoders do not really discover the similarity of the common feature distributions. The DBM based methods \[[@CR19]\] learn a joint representation of different modalities by DBM. But due to the high computational costs in high-dimensional data space \[[@CR11]\], the DBM based methods have not been widely studied in recent years. The DCCA based methods \[[@CR21]\] learn features that are most correlated from different modalities by canonical correlation analysis (CCA). Like autoencoder based methods, DCCA based methods use autoencoders to extract features from different modalities, called deep canonically correlated autoencoder (DCCAE) \[[@CR21]\]. The difference is that DCCAE further optimizes the canonical correlation among features of different modalities. But DCCA based methods lack the analysis of probability theory, which makes it difficult to measure the distribution differences of different modalities. Moreover, data of different modalities contain different numerical characteristics, and may not show obvious correlation. In this case, the depth typical correlation analysis may not be effective.

In this paper, we focus on multimodal clustering by extracting the common features of multimodal data in an unsupervised way, and reduce the distribution differences of different modalities in feature space. Firstly, we apply Variational Information Bottleneck (VIB) \[[@CR2]\] to extract features from different modalities. By minimizing mutual information between raw data and the extracted features, VIB can control the amount of information owing through the network when extracting features. And due to the mutual information, VIB also provides explicit probabilistic analysis on feature space. Secondly, we apply cross reconstruction method during extracting features from different modalities, which can effectively reduce the distribution differences of different modalities in feature space. We also provide theoretical analysis to prove the similarity of multimodal distributions. Thirdly, we fuse the extracted features to common features using fusion layers. Finally, we cluster the common features using clustering algorithm. The entire process above constitute our deep multimodal clustering with cross reconstruction (DMCR).

The contributions of this work are summarized as below: (1) We propose a novel deep multimodal clustering algorithm, which can effectively reduce the distribution differences among different modalities in feature space. (2) We provide a theoretical analysis to prove that the proposed cross reconstruction method effectively reduce the distribution difference of different modalities in feature space. (3) Experiments show obviously improvement over state-of-the-art multimodal clustering methods on six benchmark multimodal datasets.

Related Work {#Sec2}
============

Deep Clustering {#Sec3}
---------------

The existing deep clustering methods are roughly divided into two categories: two-stage methods and end-to-end methods \[[@CR21]\].

The two-stage methods first extract features of the data by deep learning method, and finally apply the clustering methods to the features. Tian et al. \[[@CR20]\] uses autoencoder to extract the features of graph and finally uses k-means to cluster. Chen \[[@CR7]\] applies Deep Belief Network (DBN) to extract features and finally uses non-parametric maximum-margin clustering to cluster the features.

The end-to-end methods jointly optimize the feature extraction and clustering. The joint unsupervised learning (JULE) algorithm \[[@CR24]\] uses a recurrent framework for joint unsupervised learning of deep representations and image clustering, which are optimized jointly in training process. The deep embedding clustering (DEC) algorithm \[[@CR23]\] clusters a set of data points in a jointly optimized feature space. Based on DEC, the improved deep embedding clustering (IDEC) algorithm \[[@CR12]\] jointly optimization and preserve local structure of data generating distribution.

Multimodal Clustering {#Sec4}
---------------------

Based on the basic algorithms used in the multimodal methods, the existing multimodal clustering are roughly divided into two categories: the traditional clustering based methods \[[@CR5], [@CR6], [@CR10], [@CR22], [@CR25]\] and deep clustering based methods \[[@CR3], [@CR16], [@CR19], [@CR21]\].

The traditional clustering based methods learn a consensus matrix or minimize the divergence of multiple views simultaneously. For example, the multi-view spectral clustering (MMSC) algorithm \[[@CR5]\] learns a commonly shared graph Laplacian matrix by unifying different modalities. Gao et al. \[[@CR10]\] proposes a novel NMF-based multi-view clustering algorithm by searching for a factorization that gives compatible clustering solutions across multimodal. The diversity-induced multi-view subspace clustering (DIMSC) algorithm \[[@CR6]\] extend the existing subspace clustering into the multimodal domain. The low-rank tensor constrained multi-view subspace clustering (LT-MSC) algorithm \[[@CR25]\] introduces a low-rank tensor constraint to explore the complementary information from multimodal data. The exclusivity-consistency regularized multi-view subspace clustering (ECMSC) algorithm \[[@CR22]\] attempts to harness the complementary information between different representations by introducing a novel position-aware exclusivity term.

Deep clustering based methods firstly jointly learn low-dimensional features from multimodal data, and then cluster the features. Ngiam et al. \[[@CR16]\] proposes a series of frameworks for deep multimodal learning based on autoencoders. Srivastava and Salakhutdinov \[[@CR19]\] proposes a deep multimodal representation learning framework, which learns a joint representation of different modalities by DBM. The DCCA \[[@CR3]\] learns complex nonlinear transformations of two modalities of data such that the resulting representations are highly linearly correlated. The DCCAE \[[@CR21]\] add an autoencoder regularization term to DCCA.

The Proposed Algorithm {#Sec5}
======================

In this section, we introduce our DMCR algorithm in detail. Consider the problem of clustering a set of *n* points $\documentclass[12pt]{minimal}
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Figure [1](#Fig1){ref-type="fig"} illustrates the framework of DMCR for two modalities. The DMCR has two stages. In the first stage, we extract features from different modalities using VIB and cross reconstruction to constrain encoders, which ensures the extracted features of different modalities sharing similar distributions. In the first stage of Fig. [1](#Fig1){ref-type="fig"}, $\documentclass[12pt]{minimal}
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Multimodal Feature Extraction {#Sec6}
-----------------------------

Multimodal data contain modality-unique features and modality-common features. It is difficult to extract the modality-common features directly from different modalities with traditional encoders. We first use the Variational Information Bottleneck (VIB) \[[@CR2]\] to extract the modality-common features among different modalities. And then apply Cross Reconstruction method to ensure the modality-common features of different modalities satisfy similar distribution.

**Multimodal Feature Extraction with VIB.** We adopt deep autoencoders as a features extractor. For a given input $\documentclass[12pt]{minimal}
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But autoencoders cannot control the amount of information contained in extracted features, which makes it difficult to extract modality-common features from each modality.

Given that VIB is able to control the scale of feature information, we use the VIB \[[@CR2]\] regularization term in the encoders to eliminate unique features and extract the common features. The loss function of extracting features of the *i*-th modality is:$$\documentclass[12pt]{minimal}
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**Cross Reconstruction.** In the last section, we only extract modality-common features from each modality using VIB. In multimodal learning tasks, the basic task is mining the relationships among different modalities. Previous work, such as DCCAE \[[@CR21]\] learn complex nonlinear transformations of two modalities of data such that the resulting representations are highly linearly correlated. But data of different modalities have different numerical characteristics, correlation constraints on different modalities may failed to capture the statistical properties of implicit features. Considering the fact that modality-common features of different modalities share similar distributions, we propose a cross reconstruction method to promote the features extraction process.

The dotted lines in Fig. [1](#Fig1){ref-type="fig"} represent the our cross reconstruction process. The decoders $\documentclass[12pt]{minimal}
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As a regularization term, cross reconstruction restrains the similarity of different modalities in distribution, which will analysed later.

**The Overall Loss Function.** The complete loss function of extracting feature of the *i*-th modality is:$$\documentclass[12pt]{minimal}
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Feature Fusion {#Sec7}
--------------

After extracting features from different modalities, we fuse these features to common features, then cluster on the common features. As shown in the second stage of Fig. [1](#Fig1){ref-type="fig"}, we use fusion layers to fuse extracted features. The fusion layers consist of fully connected layers, and $\documentclass[12pt]{minimal}
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The DMCR Algorithm {#Sec8}
------------------

In this section, we describe the training process and clustering process of DMCR. The entire training process has two steps: (1) Training the autoencoders with Eq. [3](#Equ3){ref-type=""}. (2) Training the fusion layers according to Eq. [5](#Equ5){ref-type=""}. The training process of DMCR is summarized in Algorithm 1.

After training DMCR, we get the common features associated with multimodal data. Then we cluster the common features. Here, we choose *k*-means as the final clustering algorithm. The clustering process of DMCR is summarized in Algorithm 2.

Theoretical Analysis {#Sec9}
====================

As mentioned previously, cross reconstruction can build implicit connection among different modalities. In this section, we explore the probability theory of connection among different modalities built by cross reconstruction method. Here we assume $\documentclass[12pt]{minimal}
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Experiments {#Sec10}
===========

Description of Datasets {#Sec11}
-----------------------

We test our model on six multimodal datasets: Digits[1](#Fn1){ref-type="fn"}, CNN[2](#Fn2){ref-type="fn"}, AwA[3](#Fn3){ref-type="fn"}, Cal101[4](#Fn4){ref-type="fn"}, LUse-21[5](#Fn5){ref-type="fn"} and Scene-15 \[[@CR9]\]: Digits contains three modalities of 2000 samples belonging to 10 clusters. The three modalities respectively have 76, 216 and 240 dimensions. CNN is a news dataset that contains two modalities of 2107 samples belonging to 7 clusters. The first modality consists of text contents, the second modality contains the images of articles. AwA contains three modalities of 5814 samples belonging to 10 clusters. These three modalities are local self-similarity features, SIFT features and SURF features. Cal101, LUse-21 and Scene-15 contain three modalities: we extract LBP, GIST and CENTRIST descriptors from these datasets as three modalities. Cal101 contains 712 samples and these samples belong to 10 clusters. LUse-21 contains 2100 samples belonging to 21 clusters. Scene-15 contains 3000 samples assigned to 15 clusters.Table 1.Clustering ACC (%)DECIDECJULEDCCAEMMSCRMKMCLT-MSCDIMSCECMSCDMCDMCRDigits44.0746.7076.3666.1954.0073.3073.3552.1077.4085.55**90.75**CNN36.9631.6940.0034.2732.0234.2121.2621.6425.3455.52**66.68**AwA16.1020.0823.0524.3120.2823.1724.1720.7922.1926.23**28.67**Cal10135.7443.5463.2062.8549.0251.9761.3539.4753.9062.50**66.57**LUse-2112.3425.1427.1423.7220.3827.2430.8622.8125.2930.14**31.62**Scene-1516.9725.0338.1034.9518.2040.0343.9323.8742.7044.60**54.00**

Comparing Methods {#Sec12}
-----------------

We compare the proposed DMCR algorithm with the following baselines: (1) Single modal clustering: DEC \[[@CR23]\], IDEC \[[@CR12]\] and JULE \[[@CR24]\]. We test these methods on each modality data and take the best result as their final result. Multimodal clustering: MMSC \[[@CR5]\], RMKMC \[[@CR10]\], DIMSC \[[@CR6]\], LT-MSC \[[@CR25]\], ECMSC \[[@CR22]\] and DCCAE \[[@CR21]\]. Among these multimodal clustering methods, DCCAE is a two-modal method. In order to extend DCCAE to multimodal clustering task, we combine every two of the multiple modalities, and take the average results as the final result. (3) The simplified DMCR: the DMCR without cross reconstruction regularization term, called DMC.Table 2.Clustering NMI (%)DECIDECJULEDCCAEMMSCRMKMCLT-MSCDIMSCECMSCDMCDMCRDigits35.1144.4670.2567.5957.2170.7470.4039.2571.2174.98**83.17**CNN20.7913.2818.4414.2711.3113.0713.8412.6718.8737.74**50.93**AwA4.106.738.3310.131.819.239.247.617.3310.20**12.72**Cal10122.6331.0054.1257.9645.5550.4953.4133.7451.5357.51**64.31**LUse-2115.1828.0234.9932.0526.5630.5535.6221.6925.9339.17**40.39**Scene-1516.1019.9235.8437.8214.4439.0341.3619.3941.1640.58**55.55**

Model and Parameter Settings {#Sec13}
----------------------------

The model and parameter settings of our experiments are follows: (1) We keep these parameter settings of comparing methods as the original papers. During training, we fine-tune the parameters of these methods to get the best performance as the final result. (2) We use three autoencoders to handle three modalities and two autoencoders for two modalities. The encoders and decoders are composed of fully connected layers. We use sigmoid as the activation function in the last layer of decoders, and use ReLU activation in the other layers of encoders and decoders. The parameters of our method are randomly initialized and we set the learning rate of Adam to 0.001. (3) We note that the *k*-means, which is the final step of DMCR, can be replaced by other clustering algorithms. But considering the interpretation of the Euclidean distance in the feature space as diffusion distance in the input space \[[@CR8], [@CR15], [@CR18]\], we choose *k*-means as the final clustering algorithm.

Experiment Results {#Sec14}
------------------

**Clustering Results.** We evaluate our approach on three metrics of Accuracy (ACC), Normalized Mutual Information (NMI), and Purity. The experiment results of clustering ACC, NMI and Purity are summarized in Table [1](#Tab1){ref-type="table"}, Table [2](#Tab2){ref-type="table"} and Table [3](#Tab3){ref-type="table"}. The best results are marked in bold.

Firstly, we compare DMCR with the single modal algorithms DEC, IDEC and JULE. DMCR performs better than DEC and IDEC on each dataset in terms of ACC, NMI and Purity. DMCR outperforms JULE in most cases in terms of ACC, NMI and Purity. As exceptional case, DMCR performs worse than JULE on Cal101 dataset in terms of Purity. The Purity of JULE only increased by 4%, however, the NMI of JULE is decreased by 10%. Generally, it can be seen that DMCR outperforms the single modal algorithms when clustering multimodal data. The results indicate that it is reasonable to ensemble multimodal.

Secondly, we compare DMCR with multi-modal methods MMSC, RMKMC, DIMSC, LT-MSC, ECMSC and DCCAE. DMCR outperforms MMSC, RMKMC, DIMSC and ECMSC on each dataset in terms of ACC, NMI and Purity. DMCR outperforms LT-MSC and DCCAE in most cases. Taking NMI for example, the NMI of DMCR raises 12% on the Digits dataset, 3% on the AwA dataset, 13% on the Cal101 dataset, 10% on the LUse-21 dataset, 14% on the LUse-21 dataset. As exceptional cases, LT-MSC achieves a better Purity on Cal101 which is about 0.1% higher than DMCR, and DCCAE achieves a better Purity on Cal101 which is about 2% higher than DMCR. However, the NMI of LT-MSC is decreased by 10%, and the NMI of DCCAE is decreased by 7%. Generally, DMCR outperforms the other multimodal methods.

Finally, we compare DMCR with DMC, we can find that DMCR outperforms DMC, especially on Digits, CNN and Scene-15, which is more than 5% higher than DMC. That proves that the cross reconstruction regularization is effective for extracting common features of different modalities. From these tables, we can also observe that DMC also demonstrates strong competitiveness compared to other models. That proves that VIB is a effective feature extraction method that is universally applicable to different datasets. Note that DEC and IDEC just use an autoencoder without VIB, and do not perform well on multimodal datasets.
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Conclusion {#Sec15}
==========

In this paper, we propose a novel deep multimodal clustering framework called DMCR. Firstly, we control the scale of feature using VIB. Secondly, we reduce the distribution differences among multimodal features using cross reconstruction. Thirdly, we fuse the extracted features to common features. Finally, we cluster the common features using k-means. In addition, we prove that the proposed cross reconstruction method effectively reduce the distribution differences of multimodal features. We compare our DMCR algorithm with the state-of-the-art multimodal methods on many multimodal datasets. Experimental results show that our algorithm achieves obviously improvement on multimodal clustering task.
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